Deep Learning for Computer Vision:
Practical Training

Shai Bagon
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Agenda

* SGD

* Momentum, Adam, LR policies, initialization

e Regularization
* DropOut
* Weight Decay
* Augmentation
 Early stopping

e Batch normalization




Gradient Descent
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Stochastic Gradient Descent (SGD)
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Update rule:
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Vanilla SGD
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Vanilla SGD
pttl = gt — nv L£(6Y)
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Vanilla SGD
i+l = gt — v L£(8Y)
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Vanilla SGD
pttl = gt — nv L£(6Y)
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Vanilla SGD
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SGD with Momentum

Pttt = 9t + uv —nV L(6Y)
t+1 — ,LLU 77\7/.:(91:)

N



SGD with Momentum
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Adam y

15t moment (like SGD)
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Other SGD Update Rules

A good review can be found here.


http://ruder.io/optimizing-gradient-descent/index.html

Do we want fast convergence?
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Vanilla SGD
pttl = gt — nv L£(6Y)
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Learning Rate Decay
9t+1 — Ht _ ntV L(Qt)
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Learning Rate Decay




SGD - Remarks

e Guarantees?

No!



SGD-Remarks 5, = 5(W, - o(W; - x))
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SGD — Starting point

What if we init@ = 0°?
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SGD — Starting point

MLP, 6 layers, hidden dim=4096, no activation

WijNN(O, 0022)

Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6
mean=0.00 mean=0.00 mean=-0.00 mean=0.00 mean=0.01 mean=-0.01
std=1.28 std=1.63 std=2.09 std=2.68 std=3.44 std=4.42
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SGD — Starting point

MLP, 6 layers, hidden dim=4096, no activation

WijNN(O, 0012)

Layer 1 Layer 2 Layer 3 Layer 4
mean=0.00 mean=-0.00 mean=-0.00 mean=0.00
std=0.64 std=0.41 std=0.26 std=0.17

Layer 5
mean=0.00
std=0.11
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Layer 6
mean=-0.00

std=0.07




SGD — Starting point

MLP, 6 layers, hidden dim=4096, no activation Y = WTX
var(y;) var(W; x )
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SGD — Starting point

MLP, 6 layers, hidden dim=4096, no activation

w;ii~N (O, 1/Din)

Layer 1
mean=-0.00
std=1.00

Layer 4
mean=0.00
std=1.00

Layer 5 Layer 6

mean=-0.00 mean=-0.00

std=1.01 std=1.00

-1 0 1
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SGD — Starting point

MLP, 6 layers, hidden dim=4096, ReLU activation

wii~N (0, 1/Dm)

Layer 1
mean=0.40
std=0.58

UL

s |
(g" j;' DLACV @ Weizmann
WAIC




SGD — Starting point

MLP, 6 layers, hidden dim=4096, RelLU activation

w;ii~N (O, Z/Din)

Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6
mean=0.57 mean=0.58 mean=0.58 mean=0.58 mean=0.58 mean=0.60
std=0.83 std=0.84 std=0.85 std=0.85 std=0.85 std=0.87
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SGD — Starting point

* Where we start the SGD is crucial

* Init depends on the architecture

 Xavier/Kaiming can be easily extended to Conv layers
* Inputs should be normalized to ~N (0, 1)




Agenda

* SGD

* Momentum, Adam, LR policies, initialization

e Regularization
* DropOut
* Weight Decay
* Augmentation
 Early stopping

e Batch normalization




Optimization’s Pitfalls
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Optimization’s Pitfalls

“idea
predictor

Approximation error
Networks of specific PP

architecture 0*
wor
Y ‘
* .9 )W/ :
X60191“17’mzatwn _ %P7 Estimation/Generalization error

4

Optimization error




Optimization’s Pitfalls

* Overfitting ,

* How to look at the loss-vs-iterations for train/test set?
l0ss

taq: train/loss
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Regularization

L(6; X) = CE(6; X) + All6]],




Regularization

* Data augmentation

Torchvision: transforms
Albumenations: https://github.com/albumentations-team/albumentations
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Regularization

Dropout
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https://stats.stackexchange.com/a/201891/66467

Regularization

Early Stopping

-- Train loss




Optimization’s Pitfalls

Exploding gradients

-- Train loss




Optimization’s Pitfalls

Vanishing gradients

-- Train loss




Optimization pitfalls

Too small learning rate

-- Train loss
-- Test loss
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Agenda

* SGD

* Momentum, Adam, LR policies, initialization

e Regularization
* DropOut
* Weight Decay
* Augmentation
 Early stopping

e Batch normalization




Optimization’s Pitfalls
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Optimization’s Pitfalls

e Batch Norm!
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Agenda

* SGD

* Momentum, Adam, LR policies, initialization

e Regularization
* DropOut
* Weight Decay
* Augmentation
 Early stopping

e Batch normalization




What’s coming up...

* Tutorial — Advanced pytorch
 Lecture (next week) — Visualization and Understanding



